ABSTRACT
INTRODUCTION
In the post-genomic era, gene and protein expression levels are the focus of much research but, whilst a vast amount of data relating gene co-expression to cell state is available (Edgar et al., 2002) , the analysis of this data is dependent on relating it to metabolism. Due to their inherent complexity, metabolic networks are often modelled using graph theory (Rzhetsky et al., 2001) . The result has been the creation of pathway databases that use either compound graphs (where the metabolites are nodes and the links are reactions), reaction graphs (where the reactions are nodes and the metabolites are the links) or bipartite graphs where both types of node are included (Deville et al., 2003) . For a review of metabolic pathway databases their methods of data representation and their limitations see Wittig and de Beuckelar 2001. Significant problems with the current representations are that first metabolites have not been named consistently and second the difficulty in linking large-scale network representations to sequence data, in particular in a searchable manner.
WIT (which relies on EMP, http://www.empproject.com/) and BRENDA (http://www.brenda.uni-koeln.de/ ) are enzymological databases that have made some attempt at resolving synonyms, but the work is incomplete and links to sequence data are patchy. The MetaCyc database (http://metacyc.org/) breaks the network down into a series of pathways but this loses any idea of global connectivity, which may be significant.
The creation of an enzyme-centric view of metabolism (in which enzymes are represented by nodes and metabolites by edges) would provide us with an essential precursor to the extrapolation of physiological meaning from genomics data, by allowing us to determine metabolic distances between enzymes and further transform the representation to a gene-centric one through the substitution of enzymes for their associates gene(s).
In order to construct an enzyme-centric view of metabolism significant reprocessing of reaction data is necessary to overcome two problems. Firstly, the presence of synonymous terms in equations makes it impossible for us to reconcile all valid links between two enzymes thus resulting in incomplete graphs. In addition to this, the presence of ubiquitous molecules carrying out generic roles in reactions (e.g. providing energy) causes the resulting graph to be dominated by a huge number of valid but un-meaningful connections, hiding the underlying information in the graph and preventing us from extrapolating useful information from it (Ma and Zeng 2003) . Whilst these ubiquitous molecules are included in the reaction equations to maintain mass balance, it is clearly essential for us to selectively remove them from individual reaction equations where appropriate in order to derive the full benefits of an enzyme-centric representation.
The potential significance of these ubiquitous metabolites has been raised by studies of small world networks, typified by a scale-free network (Barabasi et al., 1999) . A scale-free network is typified by the presence of a power law relationship between arity (connectivity) and frequency (the number of nodes with a given arity), and as such a graph conforming to this topology will have a small number of highly connected nodes (hubs). Metabolic networks using the metabolite-centric representation have been found to be scale-free networks with a small number of ubiquitous molecules acting as hubs (Jeong et al., 2000) . However it is not clear whether this is due to the incorrect inclusion of 'current metabolites' (Ma and Zeng 2003) or whether the metabolic network is truly a scale-free network. In this work we identify these potential metabolite hub molecules and edit their connectivity accordingly to create a more realistic representation of metabolic connectivity, which is no longer obscured by meaningless connections.
We have taken the reaction data defined in the ENZYME database (Bairoch, 2000) and iteratively refined it using the GlaxoSmithKline Metabolite Thesaurus (Juty et al., 2001) in combination with computational techniques such as regular expression matching, to produce a version of the database without synonymous terms. We have used the ENZYME database rather than an existing pathway database as a starting point so that we take a "first principles" approach. The ENZYME database is an established standard, which is an important consideration for database compatibility and ontology. Existing pathway databases such as KEGG (http://www.genome.ad.jp/kegg) is annotated to account for synonyms but this creates additional redundant links in the database rather than combining these degenerate connections. Synonym removal creates a controlled vocabulary, which can be applied to any metabolic pathway database. The ENZYME database also provides a simple correlation between a metabolic pathway database and the sequence databases.
From the resulting dataset, we have employed a series of techniques to remove the hub molecules from reaction equations in a biologically meaningful manner, creating a second dataset. The latter correspond to equations often used by biochemists, in which molecules playing a generic role are placed above the line showing the main equation, and connected to the reaction by a curly arrow.
Our work has produced datasets that are suitable for use in the creation of an enzyme-centric representation of metabolism.
SYSTEM and METHODS

Data Preparation
The complete ENZYME database (16 April 2002 version) was downloaded to provide an initial dataset. Reaction equations were extracted from this dataset and presented in a tab-delimited format of one EC and reaction per line. This format was chosen to simplify computational processing and to minimise data duplication between our database and the ENZYME database.
Scripts were developed to automate the extraction process, but a number of domain specific problems were encountered. (i) The ENZYME flat-file format can split reactions over two or more lines if their length exceeds a threshold. This was handled through the careful construction of regular expressions to rejoin lines. (ii) A number of reaction equations are available only as natural language descriptions. These equations were disregarded due to their unsuitability for use in a dataset designed for computational use. Heuristic techniques were used to automatically identify the equations falling into this category. (iii) Some equations have alternative substrates yet are written in the same equation using an 'or' construct (e.g. 'aldehyde or ketone'). Such occurrences are few, but where necessary equations were broken into multiple instances.
With reactions extracted, two further processes were carried out. Firstly, reactions were rewritten to enforce the use of white space either side of delimiting characters (plus and equals). This ensured that accurate parsing and substitution of compound names was possible during the later stages of this work. Secondly, basic integrity checks were executed to detect common typographic errors such as unclosed brackets. These checks made no modifications to the dataset but instead alerted the user to the problem allowing a manual modification to be carried out.
Synonym Removal
We identified and eliminated by substitution four categories of synonym in the dataset; (i) Indefinite articles: some low specificity reactions include metabolic terms such as 'an alcohol'. These indefinite articles were removed using regular expressions whilst leaving associated stoichometry intact.
(ii) Case differences: for example alcohol and Alcohol. These were identified and reconciled again using regular expressions. (iii) Source adjectives: some compounds contain information as to the source of the metabolite. For example, oxidised adrenal ferredoxin (EC 1.14.15.4) or oxidised photinus luciferin (EC 1.13.12.7) were identified and included in the set of terms to be ignored.
Transporter locations were retained, for example Mg(2+)(Out) (EC 3.6.3.2). (iv) True synonyms:
multiple terms for chemically identical compounds were eliminated using the GlaxoSmithKline Metabolite Thesaurus (MT). This proprietary technology amalgamates compounds from many sources into a hierarchical database able to provide a consistent preferred name for any compound known to it. The MT is easily updateable and as such unknown compound names were added to it as they were encountered during this work to ensure consistent readings were produced.
In order to ensure that the maximum number of synonyms were removed we iteratively processed the data for the above noted synonym types until a convergence was noted between the number of unique compound names in the database between successive iterations. This convergence required five iterations.
Graph Construction
Software was written to assemble a set of reaction equations into a graph in the enzyme-centric paradigm. As such each node was labelled with an EC code and the specifics of the associated reaction(s) determined the linkage between nodes. The Graph::Directed Perl was used for this purpose. Subroutines were also written for the calculation of shortest using the Floyd-Warshall algorithm (Cormen et al., 2001) .
Hub Removal
Having created a dataset suitable for computational processing, we used this as a basis to create a second dataset from which we selectively removed the molecules performing generic roles in reactions (hub molecules). This process was highly selective and compounds were removed from reactions only when this was biochemically appropriate, a fact determined by manual curation.
Initially all compounds were ranked by their frequency of occurrence across the dataset, with highranking compounds corresponding to hub molecules. We consider there to be three categories of Given these categorisations of hub molecules, two scripts were written to remove molecules from the dataset. The first was designed to remove a single specified compound from every equation in which it occurred. The second was selective in its removal requiring a pair of metabolites for consideration; if both were present on opposite sides of the equation under consideration, both would be removed, otherwise the equation was left unchanged. An example of logical metabolite pairing is pyruvate and L-alanine in aminotransferase reactions.
For each hub molecule selected for removal a number of distinct steps were performed on the dataset. Initially, reactions were assembled into subgraphs in the enzyme-centric paradigm producing a single large subgraph and a number of much smaller satellite subgraphs not connected to the main subgraph. The selected compound(s) was then removed from the dataset using the appropriate script and the reactions re-assembled into subgraphs. Based on this, reactions that had fallen away from their subgraph as a result of the compound removal were identified. Each of these reactions was then manually checked and modified if necessary to ensure that the removal of the compound under consideration was valid. Finally an integrity checking script was executed to detect reactions having zero metabolites on one or both sides. Equations violating this rule were flagged and manually checked and modified. This integrity check was crucial for ensuring that hub synthesis and breakdown remained explicit within the reaction set.
IMPLEMENTATION
The scripts were written in perl on a standard PC running linux. Graph construction carried out using the module Graph-0.201 by Hietaniemi (http://search.cpan.org/author/JHI/Graph-0.201/ ).
The PC also hosted a web server through which cgi scripts served data for curation.
DISCUSSION
With a view to creating enzyme-centric metabolic networks, this work has aimed to produce a set of reaction equations using a set of standardised terms for metabolite names and two sets of reaction equations with and without hub molecules based upon them. There are various observations arising from the reconditioning process, which will be discussed before drawing more general conclusions.
Data Preparation
Of the 3582 reaction equations from the ENZYME database, 485 reactions had to be discarded owing to the natural language description of their reaction, which rendered them unparseable by the computer. They largely refer to macromolecular modifications and thus are not the usual focus of metabolic network construction. For example, EC 3.1.1.72 (acetylxylan esterase) states its reaction as the 'deacetylation of xylans and xylo-oligosaccharides'. The omission of these equations resulted in a 13.5% reduction in the size of the working dataset, and the only complete solution to this problem will be for computer-readable equations to be written by hand. Of the equations that were considered usable for this work, a further 8 were found to contain an 'or' construct (e.g. 'aldehyde or ketone'). This issue was resolved by having more than one reaction per EC code. This rewriting of these equations produced 16 unique equations increasing the final size of the working dataset to 3113 reactions.
The revised reactions were also ranked according to the number of times they appeared, i.e. the number of EC codes assigned to them. 51 reactions occurred more then once, which may be accounted for by differences in the underlying catalytic chemistry. However, the hydrolysis of ATP to ADP and GTP to GDP represent the equations for 19 and 6 EC codes respectively, reflecting the decision of the Enzyme Commission to assign codes to filamentous proteins, such as myosin (ECs 3.6.4.1-41) and transporters (ECs 3.6.3.1, 15, 46, (49) (50) (51) (52) . Table 1 shows the six most common reactions.
[ Table 1 ]
Synonym Removal
The process of synonym removal highlighted huge inconsistencies in metabolite name usage. In the initial set of reaction equations there were 4277 unique metabolite names. After five iterations of synonym removal, 753 synonymous metabolite names had been eliminated, reducing the number of unique names by 17.6% to 3524. At its inception, the Enzyme Commission probably never envisaged that its work would be used computationally and did not consider it necessary to use a controlled vocabulary, but a clear ontology is an essential component in the application of computational techniques to datasets such as these. The initial iterations of synonym removal eliminated a large proportion of the total synonyms we discovered, whereas successive iterations removed progressively fewer, until no more were discovered. Some synonyms probably still exist in the dataset that we have produced, but the only avenue remaining would be careful manual examination and curation by a very knowledgeable biochemist. Such expertise and time were not available to us and it is questionable how many more synonyms would be found. Although it is desirable to eliminate all synonyms this would be extremely time consuming, and still human error could creep in.
Hub Removal
In total 52 metabolites were selectively removed from the dataset with order being determined largely by rank, although some changes were made to reflect biological concepts. The removal order is outlined in table 2 and shows which metabolites were treated as pairs. The occurrences of a metabolite pre-and post-hub removal (see Table 3 ) may be used to gauge the ubiquity or generality of the role of the metabolite in biochemical reactions.
[ Table 2] [ Table 3 ]
Graph Construction
Enzyme centric subgraphs were created from the dataset at each stage of the hub removal process and the distribution of sizes of the 480 subgraphs that make up the final dataset may be seen in table   4 . The percentage size of this main subgraph is indicative of how well the dataset is connected metabolically. Although these figures were calculated for the entire dataset we also calculated them for organism specific subsets of enzymes. We assembled sets of EC codes for Homo sapiens and E.coli and extracted these subsets from our complete dataset. The exact details of these subsets may be found on the supporting website for this work. Table 5 presents figures for these subsets both before and after the hub removal process and contrasts them with the figures for the entire dataset.
[ Table 4 ]
[ Table 5 ]
Subgraph disconnection
The formation of subgraphs was affected by the presence of generic terms for metabolites. An example of such a problem case is the relationship between 'alchohol' and 'ethanol', and resulted in a significant number of reactions that failed to join the main subgraph when they should have. Such terms make it impossible to specify all the reactions where a low-specificity enzyme may bind a wide range of compounds. The Metabolite Thesaurus includes an is-a hierarchy connecting generic and specific terms, and could be used to substitute the generic for all the relevant specific terms.
However, subgraphs generated in this way are hazardous for drawing any conclusions about pathways and metabolic distances. The product of one high-specificity reaction (e.g. butanol) can be correctly associated with a generic term (e.g. alcohol of alcohol dehydrogenase), but the generic output of the reaction (aldehyde) gets associated with many specific terms of which only one (butanaldehyde) is correct. Chemo-informatic techniques may be capable of resolving this problem, but are beyond the scope of this work. We believe that the problems outlined above caused our datasets to fail to form a single subgraph as might have been expected with a dataset based on the ENZYME database.
Continuing network integrity
In the past, it has been suggested that scale-free networks are highly robust against random attacks yet susceptible to targeted ones that remove the hubs. However, it is notable that the size of the main subgraph is still comparatively large after hub removal, the main subgraph remains remarkably intact occupying approximately 70% of the complete dataset in all cases. E. coli is a prototoph whilst Homo sapiens is not, and as such we would expect a large main subgraph for E.
coli but not necessarily so for Homo sapiens. However, we find that the main subgraph for Homo sapiens still occupies 69.6% of the total equations in the subset, and resolutions of generic terms would raise this figure even higher. This is in agreement with the work of Ma and Zeng where they found that the removal of 'current metabolites' i.e. the hubs, did not have an effect on network integrity (Ma and Zeng 2003) . At present, we attribute this observation to the fact that we made a targeted attack on our dataset, only removing molecules when their role was generic. When we examine the post-removal rankings of molecules, we see that there are still a number of relatively highly connected molecules. 
